We present a new framework (MADE) that produces distance and age estimates by applying a Bayesian isochrone pipeline to a combination of photometric, astrometric and spectroscopic data. For giant stars, the framework can supplement these observational constraints with posterior predictive distributions for mass from a new Bayesian spectroscopic mass estimator. The new mass estimator is a Bayesian artificial neural network (ANN) that learns the relationship between a specified set of inputs and outputs based on a training set. Posterior predictive distributions for the outputs given new inputs are computed, taking into account input uncertainties, and uncertainties in the parameters of the ANN. MADE trains the ANN on stars with spectroscopic and asteroseismology data to enable posterior predictive distributions for present masses of giant stars to be evaluated given spectroscopic data.
INTRODUCTION
Knowledge of the distance, age, and chemical composition of stars is fundamental for understanding the Galaxy's history of formation, enrichment, and dynamical evolution (Bland-Hawthorn & Gerhard 2016) . When interpreted through chemodynamical models such as those with 'extended distribution functions' (Sanders & Binney 2015; Das & Binney 2016) , they can constrain Galactic evolution as well as the gravitational potential and dark matter content of the Milky Way. However, distance, age, and chemical composition are not measured directly and need to be inferred from models.
The oldest method of measuring distance is through the measurement of a star's parallax. This method has traditionally been limited to local Galactic studies, but the Gaia mission (Gaia Collaboration et al. 2016 ) will very soon provide parallaxes for a billion stars down to 20 th magnitude. Variable stars, such as Cepheids, are standard candles and so their apparent magnitudes can be mapped to a narrow range of intrinsic luminosities, allowing distances to be E-mail:payel.das@physics.ox.ac.uk easily derived. This method can be used to large distances but only with a limited range of stellar types. Another example of a modelindependent method (Jofré et al. 2015 (Jofré et al. , 2017 estimates distances for twins of nearby stars with known parallaxes. This method does not degrade with increasing stellar distance, but is limited by the availability of high-resolution stellar spectra and parallaxes for a range of stellar types.
turn-off region. The approach works well for estimating distances over a large range.
A recent method revealing considerable potential in determining ages for giant stars is asteroseismology. The data comprise acoustic spectra that can be analysed with simple scaling relations to determine the mass and radius of the star (Ulrich 1986; Kjeldsen & Bedding 1995) . As giants spend most of their life in the main sequence phase, the age at which they entered the giant branch is approximately their present age. This age is fixed by the mass of the star i.e. their mass is a strong indicator of their age.
Asteroseismology has made it possible to determine the significance of mass-driven differences in the spectra of giants. This has significantly broadened the scope for asteroseismology through the development of 'spectroscopic mass estimators', which use spectral parameters or spectra to predict mass m. Masseron & Gilmore (2015) showed that masses of red giants could be derived from spectra given the [C/N] change due to dredge up in the giant phase. Martig et al. (2016) developed simple linear regression models to estimate masses of giants from log g, T eff , [Fe/H], carbon abundance, and nitrogen abundance using the APOGEE-Kepler Astrometric and Spectroscopic Catalogue (APOKASC). This catalogue contains stars in the cross-match between stars with spectroscopic data from APO Galactic Evolution Experiment (APOGEE) and asteroseismology from the Kepler mission. Ness et al. (2016) trained the Cannon on this catalogue, a regression model that fits each pixel of a star's spectrum with a polynomial function of the spectroscopic labels (log g, T eff , and [Fe/H], [α/Fe] , m) and some intrinsic noise. The mass estimates can then be combined with isochrones to infer ages for all ∼ 60 000 stars in APOGEE DR12, rather than just the ∼ 5000 in APOKASC, clearly revealing relations such as variation of age with Galactic position in monoabundance populations.
The potential of spectroscopic mass estimators in light of the impending Gaia data release is massive. The number of stars in spectroscopic surveys with accurate parallaxes will dramatically increase, and include a significant number of giant stars. To calculate the distance and age for all these stars, a Bayesian isochrone pipeline similar to that of McMillan et al. (2017) is required, supplemented with mass estimates for potential giant stars. For such an approach to be successful however, spectroscopic masses need to be estimated quickly and efficiently ideally within a Bayesian framework that correctly accounts for input measurement uncertainties and uncertainties in model parameters. This procedure needs to be optimized per star, so that it can deliver the distance and age quickly for millions of stars. This paper presents Bayesian Mass, Age, and Distance Estimator (MADE) that determines the distance and age to a star using photometric, spectroscopic, and astrometric data using a Bayesian isochrone pipeline. If the star is a giant, it optionally makes an estimate of the mass using a new spectroscopic mass estimator to use as a constraint with the isochrones. The estimator is an artificial neural network (ANN), which has been demonstrated to be highly flexible in reproducing non-linear relations. It is trained using a Bayesian approach, by calculating posterior predictive distributions for the spectroscopic masses that account for measurement uncertainties in new data, and uncertainties in model parameters. The ANN does not rely on expensive spectra, only the spectral labels, and is trained on new mass determinations (Miglio et al. 2018, in prep.) using seismic data in Davies et al. (2018 in prep) and APOGEE DR13 spectroscopic parameters. All the code for the routines in the paper can be cloned from https://github.com/payeldas/MADE. Section 2 introduces the components of MADE, Section 3 describes how we develop a new Bayesian spectroscopic mass estimator, and Section 4 presents an update to the Bayesian isochrone pipeline of McMillan et al. (2017) for estimating distance and age. Section 5 presents an application of MADE to a sample of stars included in APOGEE and TGAS, Section 6 compares this work to the literature, and Section 7 looks towards future data releases.
THE MADE FRAMEWORK
Here we introduce the components of the MADE framework and the notation used to represent inputs, outputs, and parameters of the constituent models.
MADE components
The core of MADE is a Bayesian pipeline that calculates the distance and age of a star from photometric, spectroscopic, and astrometric constraints using isochrones (see Section 4). If the star is categorized as a giant (i.e. log g < 3.5), the pipeline can optionally use a Bayesian spectroscopic mass estimator to predict its mass (see Section 3).
The Bayesian spectroscopic mass estimator is generated using an ANN as it combines ease in construction, with a powerful ability to recreate non-linear relations (Gelder et al. 2014) . The Bayesian ANN is trained on a sample of stars for which spectroscopic information and current masses m are known to learn the relationship between spectroscopic input labels and mass outputs. The ANN can then be used to generate predictive posterior distributions for the mass of any giant with the same measured spectroscopic input labels. The distributions for mass are summarized by a mean and standard deviation to be used alongside the other photometric and astrometric constraints in the Bayesian isochrone pipeline.
Random variables in MADE
In Bayesian statistics, everything (i.e. input labels, outputs, and model parameters) is considered to be a random variable (RV), i.e. is described by a distribution rather than a single value. A distinction is made between an observed RV (i.e. has true and measured values that are linked through a likelihood depending on a measurement uncertainty), and an unobserved RV (i.e. model parameters), which is assigned a prior. The RVs in MADE are given in Table 1 and explained in more detail below.
In the ANN (Section 3), the observed RVs comprise x i j , which represents the j th true input label of the i th repeated unit (which in practice is a star) for the training sample. y i j represents the j th true output of the i th star in the training sample. The output is the mass of the star mi, but the set of input labels varies (Section 3). Measurements of the true inputs labels and outputs are denoted by tildes, i.e.x i j andỹ i j respectively. We further introduce u i j andũ i j , which are the true and measured properties of the star in the training sample respectively, where 'properties' puts input labels and outputs together into a single vector. We associate the measured properties of the star in the training sample with a measurement uncertaintyσ The observed RVs in the Bayesian isochrone pipeline (Section 4) are the true properties of the star i predicted by the isochrones and distance model. In the case of a giant this is given by
where m is the present mass, H is the H-band magnitude, J − Ks is a colour, and is the parallax. A dwarf will not have a measured mass as an observed RV. The measured properties of the star i is given byṽ i , which are associated with measurement uncertainties,ρ i . The measured present mass,ṽ i 0 in the Bayesian isochrone pipeline is given by the mean of the posterior predictive distribution of present mass y i N,j predicted by the ANN, and the associated uncertainty,ρ i 0 , by the standard deviation. The parameters, φ i , of the star i estimated from the Bayesian isochrone pipeline are given by
where M is the initial mass, τ is the age, [M/H] is the metallicity, and s is the distance. The priors are denoted byφ.
A BAYESIAN SPECTROSCOPIC MASS ESTIMATOR
Here we discuss the architecture of the ANN used to generate a Bayesian spectroscopic mass estimator, how we use a training sample to determine the posterior distributions of θ, and how the ANN can be used to estimate posterior predictive distributions given new input labels.
ANN architecture
An ANN consists of interconnected layers of neurons, which represent linear or non-linear transformations by an 'activation' function. The first layer is the input layer comprising the same number
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Output layer Figure 1 . Architecture of ANN assuming n labels = 10 (green), nout = 2 (pink), and one hidden layer with n hid = 5 neurons (purple).
of neurons as the number of input labels, n labels . The central layers are hidden layers, each with potentially a different number of neurons per hidden layer, n hid . The final layer is the output layer with the same number of neurons as the number of outputs, nout. The universality theorem tells us that even ANNs with a single hidden layer can be used to approximate any continuous function to any desired precision (given a sufficient number of hidden neurons 1 ). We expect a continuous mapping from one finite space to another and therefore consider a simple ANN architecture that contains a single hidden layer.
In a feed forward ANN, only neurons in adjacent layers are connected to one another (see Figure 1) . We assume linear activation functions for the input and output layers and a tanh activation function for the hidden layer, which maps variables ranging from −∞ to ∞ to a domain extending between -1 to 1. One can imagine easily replicating non-linear relations by stacking shifted and differentially stretched versions of this sigmoidal function. Therefore the true outputs yi are calculated from the true labels xi by
where w h,in is a n hid × n labels matrix of weights, b h,in is a lengthn hid vector of biases, w h,out is a length-n hid vector of weights, and b h,out is another vector of biases. This architecture has n θ = n hid (n label + 1) model parameters.
Determining the ANN parameters
The posterior distributions of θ can be estimated using Bayes' law
where p(ũ|θ) is the joint likelihood of the observed stellar properties given the model parameters, p(θ) is the prior on the model parameters, and p(ũ) is the distribution of the observed stellar properties. p(ũ) is the same for every model and can be ignored. We do not explicitly include measurement and model uncertainties in the representation of our probabilities throughout the paper as they only appear in likelihoods. The likelihood of the star's observed properties p(ũ|θ) is assumed to be the product of the likelihoods of each observed stellar property. Assuming Gaussian measurement uncertainties, we can represent each likelihood as
Thus
The true outputs are those predicted by the ANN. The true input labels are initially unknown and therefore assigned Gaussian priors with zero mean and a large standard deviation of 10. We assume Gaussian priors with mean zero and standard deviation 1 for the ANN parameters.
The No-U-Turn Sampler (NUTS, i.e. adaptive Hamiltonian Monte Carlo, Hoffman & Gelman 2014) in PyMC3 is used to train the ANN on 80% stars randomly selected from a sample of stars for which both input labels and outputs have been observed. The remaining 20% is used as an independent test of the ANN.
Posterior predictive distributions
Having obtained posterior distributions for the parameters of the ANN, p(θ|ũ), we can calculate posterior predictive distributions 1 A visualization of this theorem can be found at http://neuralnetworksanddeeplearning.com/chap4.html for selected true stellar properties of new stars, yN , given the training sample and the new observed input labels, i.e.
where p(yN|θ) is the probability of the new true outputs given some set of model parameters, p(θ|ũ) is the posterior distributions of the ANN model parameters evaluated in Section 3.2, p(yN|xN) gives the distribution of new true outputs given new true input labels, which are simply the predictions of the trained ANN. p(xN|xN) is the distribution of new true input labels given the new observed input labels, which is the likelihood as given in Equation 6. Marginalizing the product of these probabilities over the parameters of the ANN and the new input labels give the posterior predictive distributions on the new outputs.
IMPROVED DISTANCES AND AGES
We present an update to the Bayesian isochrone pipeline of McMillan et al. (2017) to use information on mass in the case of giants and account for the Milky Way bulge component in the prior.
Bayesian isochrone pipeline

Bayes' law from Equation 4 is reapplied this time to each star individually
where (l i , b i ) are the true sky positions of star i in Galactic coordinates (which we assume to be the same as the observed sky positions) and p(v i ) is an unimportant normalization. Star i is assumed to be observed through a line-of-sight extinction given by the Combined15 dust map from the mwdust package (Bovy et al. 2016) .
The likelihood of the star's observed properties,
, is assumed to be the product of the likelihoods. As earlier, each likelihood is represented by a Gaussian distribution
The true stellar properties, v i j , are predicted from the model parameters, φ i using:
where I denotes the isochrones and the second line refers to the distance model. When we refer to the Bayesian isochrone pipeline, we allude to both the isochrones and the distance model. Here we employ PARSEC isochrones v1.1 (η = 0.2, Bressan et al. 2012 ) evaluated for 57 metallicities ranging between -2.192 and 0.696, and 353 ages ranging between log 10 τ = 6.60 and 10.12 (i.e. a spacing of ∆ log 10 τ = 0.01) for which we create a dictionary of interpolants in Python that returns luminosity, log g, T eff and apparent magnitudes given the metallicity, age, and mass of a star. 
The Milky Way prior
We base the prior (φ i |l i , b i ) on the Milky Way model of Burnett & Binney (2010) but add a component for the bulge (the superscript i is omitted in the following)
where k = 1, 2, 3, 4 correspond to a bulge, thin disc, thick disc, and stellar halo respectively, the s 2 terms accounts for the Jacobian of the transformation of spatial coordinates, and (M) is the initial mass function (IMF). We consider that of Kroupa et al. (1993) 
The spatial prior for the bulge component is based on Dehnen et al. (2006) and the metallicity prior approximately reflects the distributions found in the Abundances and Radial velocity Galactic Origins Survey (ARGOS) of the bulge (Ness et al. 2013) . We update the age prior of Binney et al. (2014) using the model of Sanders & Binney (2015) for the thick and thin discs and a Gaussian for stellar halo ages, based on the work of Jofré & Weiss (2011) . For the bulge we assume a broad age distribution based on Bensby et al. (2013) .
In summary, for the four components we assume, Bulge (k = 1):
where
Thin disc (k = 2):
Thick disc (k = 3):
Stellar halo (k = 4):
The parameters of the prior are given in Table 2 . The components are normalized so that the ratio of the densities between the bulge to thin disc at the location of the Sun is 0.001 (Sofue et al. 2009 over the remaining three model parameters. 1000 samples are drawn from these marginalized probability distributions to produce our posterior samples. We use the mean and standard deviation of log 10 τ and the distance modulus µ as our measurements and measurement uncertainties.
APPLICATION
Here, we introduce the APOGEE-TGAS sample of stars and a further subsample for which current masses have been determined from asteroseismology.
The APOGEE-TGAS catalogue
APOGEE spectra are taken in the H-band with a resolution R ∼ 22 500. The first phase of the APOGEE Survey (APOGEE-1) was carried out between September 2011 and July 2014. Observations were performed with the APOGEE-North spectrograph on the Sloan Foundation 2.5m Telescope of Apache Point Observatory (APO). The second phase, APOGEE-2, started in July 2014 and will be completed in the summer of 2020. Observations will also be taken with the APOGEE-South spectrograph on the Irénée du Pont 2.5m Telescope of Las Campanas Observatory (LCO). Data Release 14 (DR14, Abolfathi et al. 2017) contains ∼ 263 000 of mostly giant stars, but with a significant contribution from red dwarf stars. APOGEE DR14 includes spectra, derived spectroscopic properties, including 20 individual chemical abundances. Surface gravities are calibrated using independent asteroseismology determinations with the Kepler mission. Kepler is described in more detail below.
The Gaia DR1 TGAS catalogue (Michalik et al. 2015) provides positions, parallaxes, and proper motions for the 2.5 million Tycho-2 stars. APOGEE DR14 includes a cross-match with these stars that results in ∼ 46 000 stars. We select unique stars by keeping those with the highest signal-to-noise ratio, and remove stars with unreliable abundances and those that are cluster or calibration targets. We then select stars within the designed APOGEE colourmagnitude box, i.e. 0.5 (J − Ks)0 1.3 (we imposed the upper bound) and 7.0 < H < 13.8. These operations reduce the sample to 10 074 stars. The distribution of the final sample in the space of colours and magnitudes is shown in Figure 2 . Assuming log g 3.5 for giant stars (Hekker et al. 2011) , 10 016 are very likely to be giants indicating a very small contamination of dwarf stars. We therefore assume the catalogue to comprise only giants.
The asteroseismology mass determinations
The Kepler spacecraft was launched in March 2009 and spent a little over four years monitoring the brightness of more than 150 000 stars in the Cygnus-Lyra region, with the primary science objective of detecting transit-driven exoplanet stars. This was succeeded by the K2 mission in June 2014. ∼5000 of the stars in this sample also lie in the APOGEE fields and therefore have spectroscopic data. A Bayesian determination of masses that combines the asteroseismology data, spectroscopic data, and stellar evolution models has been carried out by Miglio et al. (2018, in prep.) using the seismic data in Davies et al. (2018, in prep.) 1312 of these stars also have TGAS parallaxes, creating the seismo-TGAS sample. The location of these stars in the colour-magnitude diagram is also shown in Figure 2 . They have a similar distribution to the APOGEE-TGAS stars in this space. A. n labels = 6, n hid = 3 25 0.927 B. n labels = 6, n hid = 5 41 0.891 C. n labels = 6, n hid = 10 81 0.924 D. n labels = 15, n hid = 3 52 0.995 E. n labels = 15, n hid = 5 86 0.911 F. n labels = 15, n hid = 10 171 0.905 G. n labels = 15, n hid = 20 341 0.893 H. n labels = 15, n hid = 30 511 0.878
Spectroscopic labels as predictors of stellar mass
We could use the Bayesian ANN to learn the relationship between spectroscopic labels and mass, distance, and age as all three are derived for the seismo-TGAS sample by Miglio et al. (2018, in prep.) . However they do not use astrometric information, as it only exists for the overlap with TGAS. Therefore we use the Bayesian ANN only to estimate a spectroscopic mass and then update the Bayesian isochrone pipeline to generate distances and ages from these masses along with photometric and astrometric data. We first investigate which spectroscopic properties can be used as labels in our Bayesian ANN. Figure 3 shows the correlations between mass and spectroscopic properties of the seismo-TGAS stars. The elemental abundances are given as a ratio of either metallicity M or hydrogen H depending on the method used in the APOGEE spectroscopic pipeline Abolfathi et al. (2017) . Calculating the Spearman Rank Correlation Coefficient and associated p-value, only [Cr/H] was found to have no or weak correlation with mass at the 5% significance level. The mass of the star sets log g, the radius of the star, and therefore T eff of the star. The remaining correlations arise as a result of both stellar evolution and Galactic chemical evolution.
A new Bayesian spectroscopic mass estimator
We explore a range of ANN architectures assuming a set of spectroscopic labels including [O/M] and those of Martig et al. (2016) 
and a second set comprising the 15 spectroscopic labels found in Section 5.3 to potentially reflect the stellar mass
We also explore different numbers of neurons in the hidden layer ranging from 3 to 2n label unless an optimal model is already found. The top part of the graphical model in Figure 4 summarizes the training of the ANN, its priors, inputs, outputs, and parameters in terms of observed and unobserved RVs, and repeated and nonrepeated RVs.
The best ANN architecture is estimated by calculating a reduced χ-squared, χ 2 r , for the true output. This statistic is formulated to consider both uncertainty in the prediction from the ANN and the uncertainty in the measurements of the outputs where ntest is the number of stars in the testing sample. Table 3 shows the χ 2 r for the range of explored architectures. We select model H as the best model though note that χ 2 r is always below 1, and so all models explored perform well. The joint probability distributions of predicted true spectroscopic labels and true masses for the testing set for model H is shown compared to the joint distributions for the measurements in Figure 3 . The plot shows that the Bayesian ANN does a very good job of reproducing the joint distributions. Figure 5 shows the the similarity between the distri- bution of mean predicted true mass for the combined training and testing samples and for masses determined by Miglio et al. (2018, in prep) , again showing a very good agreement. Figure 6 compares the masses (mTrue) predicted by our favoured model H against the observed masses (m Obs ) for the combined training and testing samples. The ANN performs well at both low and high-mass ends and similarly for the training and testing samples, except for the stars shown with filled circles for which the fractional difference is more than 25%. Figure 8 shows how the fractional difference depends on the spectroscopic labels, again with filled circles representing stars for which the fractional difference is greater than 25%. There is no evidence for a systematic dependence of the fractional difference on the spectroscopic labels, showing that the ANN is doing a good job of capturing the complex relations between the spectroscopic labels and mass. These points are either true outliers or affected by a greater level of noise than the other stars. Figure 7 shows the uncertainty in the true mass predicted by the ANN and the uncertainty in the observed mass. The uncertainties are of a very similar order, but the maximum uncertainty of the ANN predictions is lower than the measurement uncertainty for several stars. This shows the powerful possibility of using the ANN to 'denoise' our data. Figure 5 also shows the distribution of predicted true masses generated by the trained ANN for the full APOGEE-TGAS sample compared to the mass distribution of the training and testing samples. The distribution for the full sample is similar but more strongly peaked at one solar mass.
Improved distances and ages
The joint distribution of distances (calculated from the mean of the distance modulus posterior distributions) and ages (calculated from the mean of the log 10 τ posterior distributions) derived for the APOGEE-TGAS stars from the Bayesian isochrone pipeline is shown in Figure 12 . The distance distribution peaks around 0.8 kpc, before falling to almost zero by 3 kpc. The age distribution peaks just below 4 Gyr, falls, stays approximately constant until 10 Gyr and then tapers off. Figure 10 shows the joint distribution of the uncertainty in distance modulus and log 10 τ as measured by the standard deviation in the posterior distributions. The uncertainties are strongly correlated and peak at just below 0.2 mag in distance modulus and 0.08 dex in log 10 τ . This corresponds to an uncertainty in distance of roughly 10% and in age of roughly 20%.
DISCUSSION
Here we explore methods of learning masses of stars from spectroscopic data, examine how the APOGEE-TGAS stars populate the [M/H]-[α/M] plane by age as a test of our method, and investigate how we can obtain independent estimates of distance.
Spectroscopic determinations of stellar masses
The Bayesian ANN constructed here is inspired by the regressions developed by Martig et al. (2016) and Ness et al. (2016) to estimate spectroscopic masses and ages for giants in APOGEE. Martig et al. (2016) develop a polynomial regression between carbon abundance, nitrogen abundance, log g, T eff , [Fe/H], and mass using 1475 giants with asteroseismology mass estimates from Kepler. They predict stellar masses with fractional rms errors of about 14% and age errors of about 40%. Ness et al. (2016) use the same asteroseismology mass estimates with the Cannon, a more sophisticated data-driven model that uses the full spectrum. This also estimates ages with errors of about 40%. The ANN developed here uses spectral parameters rather than the full spectrum, but it uses a Bayesian approach unlike the methods of Martig et al. (2016) and the Cannon, deriving posterior distributions on model parameters. It has also been trained on the newest asteroseismology mass estimates, which go beyond scaling relations. It would be straightforward though computationally more intensive to update the ANN to take flux and flux uncertainty instead of the spectroscopic labels. We however do not think this step is necessary in MADE as we are able to generate mass estimates with similar levels of uncertainty as the asteroseismology measurement uncertainties. Finally, distance and age estimates are also calculated through a full Bayesian approach rather than directly from the masses, and make use of the new astrometric information in TGAS. rich, low-α component starts to fade for larger ages and has almost disappeared for stars older than 10 Gyr. The metal-poor, high-α component becomes increasingly dominant as age increases. Two sequences have been discussed in the literature several times (e.g. Hayden et al. 2014) . The high-α, metal-poor stars can be considered to be the 'thick disc', formed ∼8 Gyr ago (Haywood et al. 2013) , while the low-α metal-rich stars can be considered to be the 'thin disc', that has an extended star formation history extending to the present day. The thin disc is therefore expected to have stars with a range of stars born in the present time until as old as ∼8 Gyr, while the thick disc stars are all expected to be ∼8 Gyr old, which is not quite what we see. The errors in age causes stars to scatter between the age slices, that could result in thick-disc stars appearing at younger ages, and thin-disc stars appearing at older ages. The overlap in ages between the two sequences may be genuine, and a result of radial mixing (Hayden et al. 2017) . Hayden et al. (2017) analyze almost 500 Main Sequence turn-off and subgiant stars from the AMBRE:HARPS survey for which there is TGAS astrometry, from which they can derive reliable age estimates and derive orbits. They find from the orbit analysis that the stars belonging to the high-α sequence originate from the inner disc, while low-α stars originate from the solar neighbourhood. They interpret the two sequences as a consequence of inner and outer disk populations that have been brought into the solar neighbourhood through radial mixing.
Impact of data on distance estimates
With the available data, several different estimates can be made of the distance to better understand how the spectroscopic, photometric, and asterometric data influence the distance posterior distribution. We repeat the determination described in Section 4.1 to estimate the distance posterior distribution using the isochrones but Figure 12 . Distributions of the mean and standard deviation in the distance and age posterior distributions generated for the APOGEE-TGAS stars for the case isochrones are used with parallax (solid line), isochrones are used without parallax (dashed line), and just parallax is used (dotted line).
without the parallax information, i.e. assuming
This also provides a new estimate of the age distribution of the APOGEE-TGAS stars. We also make an independent estimate of Figure 13 . Mean in the distance posterior distribution generated for the APOGEE-TGAS stars for the case isochrones are used without parallax (xaxis), and just parallax is used (y-axis).
just distance, θ i = s i , from the parallax, i.e.
and make use of only the distance model i = 1/s i in the Bayesian isochrone pipeline and the galaxy prior. The old (solid lines) and new (dashed lines) distance and age distributions inferred using the isochrones but including and omitting the parallax data respectively, are shown in Figure 12 . The parallax information hardly affects the derived age distribution. The peak of the distance distribution moves slightly towards smaller distances. The age distribution hardly changes.
The TGAS parallaxes only have a weak contribution to the age and distance estimates. The distance distribution using only the parallax data (dotted lines) is also shown. The peak is at a similar distance but the distribution is much broader, reflecting its weakness in constraining the distance. The lower left plot compares the error distributions (in a log scale), and shows that this is a result of a much larger error on distance. Looking at Figure 13 shows that the uncertainty in distance from the TGAS parallaxes originates from smaller parallaxes (i.e. larger distances), and therefore the distances corresponding to higher parallaxes are mainly driven by the other data.
CONCLUSIONS AND FUTURE OUTLOOK
We present a new Bayesian framework called MADE that estimates distances and ages for any star using an additional estimate of the mass if the star is a giant. The seismo-TGAS sample of giants, for which asteroseismology provides stellar masses, was used to train a Bayesian ANN that is able to predict the mass of a star with a similar degree of uncertainty as the measurement uncertainty. The ANN reduces the uncertainty on stars with the highest measurement uncertainties. The ANN is used to estimate posterior predictive distributions for masses for the whole APOGEE-TGAS sample. These masses are used along with photometric and astrometric data to estimate distances and ages within a Bayesian isochrone pipeline. The distance distribution of APOGEE-TGAS stars is found to peak around 1 kpc, and the age distribution around 4 Gyr. The uncertainties on distance are of the order ∼ 10% and on age are of the order ∼ 20%.
The TGAS parallaxes only constrain the distances of very nearby stars, but Gaia DR2 is expected to significantly increase the observational volume within which parallaxes strongly constrain distance. As the spectroscopic labels will also have a strong constraint on the distance they may be in conflict with the parallaxes, in which case the comparison can serve as a test of the isochrones.
In light of the imminent arrival of parallaxes for over a billion stars from Gaia DR2, the framework presented here can calculate accurate distances and ages for a large number of these stars. Several spectroscopic surveys are expected to have parallaxes for all stars in their samples. These include APOGEE (DR14 Abolfathi et al. 2017), the Radial Velocity Experiment survey (RAVE DR5, Kunder et al. 2017) , the Galactic Archaeology with HER-MES survey (GALAH DR1, Martell et al. 2017) , Gaia-ESO, and The Large sky Area Multi-Object Fiber Spectroscopic Telescope survey (LAMOST, He et al. 2016) . Work is currently under way to prepare MADE for application to several of these surveys with the hope to provide a few million new distances and ages in the near future.
